 Does corticobasal syndrome (CBS) alter brain volume and functional connectivity?  Brain volume changes are severe and widespread in CBS compared to controls.  CBS shows both decreases and increases in brain functional connectivity at rest.  MRI markers show potential in supporting clinical diagnosis of CBS.  Meta-analytically defined masks improve generalizability of classification models.
Introduction
Corticobasal syndrome (CBS) is an atypical parkinsonian syndrome clinically defined on the basis of motor and non-motor features (Armstrong et al., 2013; Chahine et al., 2014) . Core CBS symptoms, as described in the very first cases reported (Rebeiz et al., 1968) , are progressive and asymmetrical rigidity and apraxia. These are often associated with cortical manifestations -such as alien/anarchic limb and cortical sensory impairment -and with basal ganglia impairment leading to focal dystonia, tremor and bradykinesia (Armstrong et al., 2013; Boeve et al., 2003) .
Additionally, recent studies have moved the focus from the classical motor presentation of CBS to cognitive and behavioral symptoms (Burrell et al., 2014) . In particular, impairments in multiple cognitive domains have been described, including executive functions, memory, language, visuo-spatial abilities and social cognition (Burrell et al., 2014) . Of note, the previously neglected cognitive deficits can emerge with, or even precede, motor symptoms (Mathew et al., 2011; Murray et al., 2007; Parmera et al., 2016) . This complex presentation makes the clinical diagnosis of CBS a challenge for physicians. Indeed, different diagnostic criteria for CBS are used across centers (Mathew et al., 2011) . Post-mortem studies have shown that not only corticobasal degeneration -a tauopathy -, but also several other neuropathological substrates can cause the abovementioned CBS clinical phenotype, thus making the whole picture even more puzzling (Boeve, 2011) . For example, Höglinger et al. (2017) recently reported CBS as one of the possible clinical manifestations in autopsy-confirmed progressive supranuclear palsy (Höglinger et al., 2017) . Furthermore, neuropathologically confirmed corticobasal degeneration is in turn linked to different clinical presentations as reported in the diagnostic criteria (Armstrong et al., 2013) .
To increase diagnostic accuracy, recent research focused on searching for novel CBS biomarkers.
For example, structural T1-weighted magnetic resonance imaging (MRI) has consistently revealed gray matter decreases in patients with CBS compared to healthy controls, encompassing the basal ganglia, thalamus, insula, superior parietal cortex and frontal lobes, as summarized by Albrecht et al. (2017) . In addition, in vivo molecular imaging studies with positron emission tomography have identified alterations in glucose metabolism in CBS (Caminiti et al., 2017; Eckert et al., 2005) , as well as evidence of accumulation of β-amyloid in motor cortex, basal ganglia and corticospinal tract (Smith et al., 2017) beside expected tau protein accumulation (Kikuchi et al., 2016) .
Until now, very few data have been reported on functional connectivity changes in CBS and a thorough, data-driven investigation is still missing (Bharti et al., 2017; Filippi et al., 2019; Upadhyay et al., 2017) , despite it might provide valuable information (Seeley et al., 2009) .
Indeed, CBS, as other neurodegenerative diseases, can be conceptualized as a disconnection syndrome, where the study of functional brain connectivity represents a promising link between clinical phenotypes and underlying neuropathology (Pievani et al., 2014; Warren et al., 2013) .
We believe that the identification of novel multimodal MRI-based diagnostic imaging biomarkers will lead to a better understanding and earlier and more accurate diagnosis of CBS. Therefore, we studied CBS patients and healthy controls combining resting-state functional MRI (rs-fMRI) and structural T1-weighted MRI (T1-MRI). To investigate connectivity, we applied data-driven whole-brain analysis -Eigenvector connectivity mapping (ECM) -and seed-based analysis. Additionally, we implemented an established multivariate machine learning technique, support vector machine (SVM) classification, to differentiate patients from controls based only on multimodal neuroimaging data Bisenius et al., 2017; Dukart et al., 2011; Meyer et al., 2017; Mueller et al., 2017; Woo et al., 2017) . We hypothesized that CBS, compared to controls, is characterized by widespread cortical atrophy and reductions in brain functional connectivity that can accurately distinguish CBS patients from controls at the singlesubject level.
Materials and methods

Participants
Nineteen CBS patients (age 67.05±6.03 years, mean±SD; 12 female) and 19 healthy controls (age 66.47±5.99 years; 11 female) were selected (Table 1) . CBS is a rare disorder, the 19 patients were acquired over a timespan of approximately 5 years in several centers across Germany. Each patient was carefully matched with a control subject acquired on the same MRI scanner model, matching also for age and gender. All patients and seven controls were examined at different centers in the context of the German Frontotemporal Lobar Degeneration (FTLD) Consortium (McKhann et al., 2011) , i.e. one marker for amyloid pathology (low amyloid-beta 1-42) and one for neuronal injury (elevated tau). Another subject presented low amyloid-beta 1-42, but normal tau levels. We decided to keep all patients in our study because 1) according to the diagnostic criteria for CBD (Armstrong et al., 2013) there is no specific pattern of these CSF markers related to the disease; 2) according to Armstrong et al. (2013) , excluding amyloid positive individual might lead to miss about 13% of patients who really have the disease; 3) none of the patients clinically presented features of Alzheimer's dementia.
All CBS patients were also part of a recent study from our group based on structural MRI . The study was authorized by the local ethics committees of the participating centers, in line with the Declaration of Helsinki. Participants gave written informed consent.
MRI protocols and preprocessing
Rs-fMRI (300 volumes, TR=2000 ms; TE=30 ms) and structural T1-weighted magnetizationprepared rapid gradient-echo (MPRAGE) MRI were acquired on 3T devices. Table e-1 reports additional information on MRI scanner types that were matched between patients and controls to reduce the variability due to the multicentric nature of the study. Note that matching for individual acquisition parameters was not always possible for all pairs of patients and controls.
MRI data were processed using SPM12 (rev.12.6685), FSL (v. 5.0.9) (Jenkinson et al., 2012) and
Matlab™ 9.0 (R2016a).
Rs-fMRI images underwent SPM preprocessing with the following steps: realignment with rigid co-registration of functional volumes to the first one, slice-time correction using as reference the middle slice, and spatial normalization to the Montreal Neurological Institute (MNI) space performed via unified segmentation approach that includes bias field correction and segmentation (Ashburner and Friston, 2005) . Further, images were smoothed with a Gaussian kernel (full-width-half-maximum 8 mm) to increase signal-to-noise ratio. Nuisance regression was performed including six motion parameters from the SPM realignment, as well as mean intensity signals extracted from the anatomical segmentation of white matter and cerebrospinal fluid based on each subject's T1-MRI. Finally, high-pass filtering (1/80 Hz) was applied to remove linear baseline drifts and low-frequency noise. Framewise-displacement (FD) (Power et al., 2012) was computed to assess head motion. For each participant, we computed mean FD, maximum FD and maximum FD after disregarding the largest 5% of the FD. We then compared each measure between patients and controls using two-independent sample t-tests and we did not find significant differences (Table e- As for T1-MRI, a voxel-based morphometry (VBM) analysis (Ashburner and Friston, 2000) was performed with the Computational Anatomy Toolbox (CAT-12). Images were spatially normalized and segmented into gray matter, white matter and cerebrospinal fluid. Modulation for the amount of linear and non-linear deformation was performed, followed by smoothing with a Gaussian kernel (full-width-half-maximum 8 mm).
MRI statistical analysis
MRI group comparisons
ECM: ECM is a graph-theory method to investigate interconnectedness in complex networks. This concept is for example implemented by Google in the PageRank algorithm (Brin and Page, 1998) to rank websites in the search engine output. Lohmann et al. (2010) applied this approach to study brain functional interconnectedness. In brief, a brain region (node) is more important when it has many connections with other prominent nodes that are in turn linked to other heavily connected nodes. Accordingly, ECM is a good measure for the identification of brain functional hubs. We performed whole-brain voxel-wise analysis including a total of 30,110 voxels. The mask for the ECM analysis was created combining the gray matter tissue probability map from SPM (thresholded at 0.2 and smoothed with 8 mm to obtain an inclusive mask) with the functional data from patients and controls to exclude voxels containing missing values. The LIPSIA software was used for computing ECM (Lohmann et al., 2010) . Blood-oxygen-level dependent (BOLD) time-courses between voxels can show both positive and, to a minor extent, negative correlations. In our study, we disregarded the negative correlations to satisfy the requirements of the Perron-Frobenius theorem, which states that a unique largest eigenvalue can be obtained only for a symmetric and positive similarity matrix (Perron, 1907) . Indeed, methods to deal with negative correlations are inconsistent and their interpretation is complex (Goelman et al., 2014; Murphy et al., 2009) . As a result of this analysis, a 3D map was obtained for each subject, containing voxel-wise EC values.
CBS patients and controls were compared in a two-independent sample t-test in SPM. The impact of nuisance covariates on the group comparison (i.e. age, gender and scanner type) was tested via F-tests. Since no significant influence was found, we chose the simplest model excluding nuisance variables. A cluster-level correction for multiple comparisons was applied to identify significant voxels at p<0.05 family-wise error (FWE) (cluster-forming threshold p<0.005, k=50). In order to validate the robustness of the results, the t-tests were run using a leave-one-pair out approach, i.e. running the statistical models 19 times while removing one pair of matched patient and control at a time. Finding consistent results across this procedure provides a further validation against possible confounds such as scanner/center variability and head motion. Additionally, in order to overcome the potential pitfalls of cluster-based thresholding (Eklund et al., 2016) , we re-analyzed the comparison of patients and controls using the threshold free cluster enhancement (TFCE) toolbox in SPM with 5000 permutations, extent E=0.6 and statistical significance threshold at p<0.05 false discovery rate (FDR).
Finally, an additional ECM analysis was performed using the so-called neg approach, i.e. disregarding all positive correlations between BOLD time-courses and computing ECM based on the absolute values of negative correlations. Group comparisons between patients and controls were run as described above also based on these additional ECM maps.
Seed-based analysis: ECM reveals changes in general brain connectivity (e.g. hubs), but do not highlight selective connectivity changes between specific brain regions. To further explore selective connectivity changes related to the ECM comparison, we performed seed-based analysis with an in-house script running in Matlab. The seeds were placed in the peaks of the significant clusters for the group comparisons CBS>Controls and CBS<Controls based on ECM results. MNI coordinates for the nine seeds are reported in Table 2 . BOLD time-courses at the selected coordinates correlated with the time-courses of all other voxels in the brain. This procedure generated, for each subject, a map with voxel-wise correlation coefficients with the seeds. We then tested between-groups differences in a two-sample t-test in SPM (CBS vs.
Controls, p<0.05 FWE at cluster level, voxel-wise cluster-forming threshold p<0.005, k=50).
Specifically, increases in connectivity in the CBS groups were investigated from the CBS>Controls seeds and decreases of connectivity from the CBS<Controls ones. To merge together results from different seeds, the output SPM beta-images, i.e. effect size maps, were entered in a one-sample t-test to identify the regions where connectivity changes are consistent across the seeds. This procedure was run separately for increases and decreases in connectivity.
T1-MRI:
Gray matter volume images were compared between patients and controls in a twoindependent samples t-test, controlling for total intracranial volume, age, gender and scanner type as nuisance covariates. Results were deemed significant using a voxel-wise threshold p<0.005 (k=50) and cluster level correction for multiple comparisons p<0.05 FWE. As for resting-state data, the comparison between CBS and controls was additionally performed using the TFCE toolbox (5000 permutations, E=0.6)
Influence of local gray matter volume on connectivity differences
Leveraging on multimodal MRI data, we performed an additional analysis in order to disentangle the effect of atrophy on eigenvector centrality differences between patients and controls. To this aim, we used the toolbox Biological Parametric Mapping (BPM) from Casanova et al. (2007) , running in SPM8 and Matlab 7.14. Briefly, the comparison between ECM maps between patients and controls was performed entering gray matter volume images for each subject as covariate in the analysis. In order to bring images from both modalities in the same resolution, voxels in ECM maps were up-scaled to 1.5 mm 3 . Results were deemed significant using a voxel-wise threshold p<0.005 and cluster level correction for multiple comparisons p<0.05 FWE.
Correlation analysis
For both ECM and VBM data, we analyzed whole-brain correlations between EC values or gray matter volume and standardized measures for disease severity, namely frontotemporal lobar degeneration-clinical dementia rating scale (FTLD-CDR) and mini-mental-state examination (MMSE). Data for MMSE and FTLD-CDR were missing, respectively, for three and two patients. In brief, ECM values and gray matter volume were separately correlated with clinical variables in the CBS group, controlling for differences in age, gender, scanner type and, only for VBM data, total intracranial volume. Significance level was set at p<0.05 FWE corrected at the cluster level, with cluster forming threshold p<0.005 (k=50). When no significant findings were detected at the whole-brain level, correlation analyses were performed correlating the clinical variables with EC or gray matter volume values extracted from the peak MNI coordinates of the significant clusters in the group comparisons (i.e. ECM or VBM group comparisons).
Correlations were assessed by two-tailed Spearman's rank correlation coefficient (α=0.05) using FDR correction to account for multiple comparisons.
MRI-based support vector machine classification
In order to ascertain the disease state from MRI data at the individual level, multimodal SVM classification was performed with PRoNTo v.2.1 (Schrouff et al., 2013) . This approach is based on multivariate pattern analysis and it is inherently different from univariate statistics. We investigated the predictive value for separating patients and controls of rs-fMRI (ECM model) and T1-MRI (gray matter volume maps -VBM model) separately and combined (Combined model). To have the same number of features in structural and functional maps, as required by the PRoNTo v.2.1 software, rs-fMRI data were upscaled to a voxel resolution of 1.5 mm 3 .
Training was performed with a leave-one-out cross-validation. To further test the robustness of the classifier with changes in the cross-validation scheme, the models were re-run using 5-fold cross-validation on subject per group, instead of the leave-oneout approach. The effect of nuisance covariates was further tested. All the three models (ECM, VBM and Combined) were run controlling for either age and gender, or scanner or both, thus creating a total of 9 additional models. Both age and gender were coded using the one-hot encoding strategy to ensure that all values in the covariates are assigned the same importance.
Finally, the external validity of the VBM model was tested on an independent dataset of CBS (Armstrong et al., 2013) . Details on MRI acquisition parameters are described by Dutt et al. (2016) . In brief, T1-MRI data underwent voxel-based morphometry in CAT12 as described for data from the FTLD consortium. The resulting gray matter volume images were than iteratively used as test data for the SVM based on T1-MRI only. For each new subject in the independent test set, we obtained a function value from the SVM and the corresponding class attribution (i.e. CBS patient or control). The analysis was performed either using whole-brain images or restricting feature selection based on meta-analytically derived disease-specific regions of interest (ROIs). We hypothesize that using a priori informed ROIs from meta-analyses might improve generalizability of the classification as already shown for several other neurodegenerative diseases Dukart et al., 2011; Meyer et al., 2017; Mueller et al., 2017) . ROIs were created based on MNI coordinates from Albrecht et al. (2017) .
For each MNI coordinate, the corresponding and the contralateral regions of the AAL atlas were selected to account for potential differences in lateralization between patients. The mask is graphically sown in Figure 6 and a list of the AAL regions is reported in supplementary Table e-6. External validation was performed only for T1-MRI data for two reasons: 1) rs-fMRI data from 4RTNI cohort present acquisition parameters very different from those applied in the study, which would lead to systematic differences in the estimated connectivity measures. 2) in our FTLD cohort, rs-fMRI did not significantly improve predictive power in the classification, as
shown by statistical comparison with the DeLong test (see Results).
Data availability
Clinical and MRI data are available on reasonable request to the corresponding author. To protect anonymity, no sensitive information will be shared. MRI data will be available as preprocessed gray matter volume images or eigenvector centrality/correlation maps without personal metadata. Data will be shared in agreement with the European General Data Protection Regulation.
Results
Group comparisons
ECM: As expected significant decreases in ECM were found in patients compared to controls in the right middle temporal gyrus, central operculum, planum polare and posterior insula ( Fig. 1 , Table 2 ). A similar effect was identified also in the left central operculum and transverse temporal gyrus but did not survive the correction for multiple comparisons. Remarkably, contrary to expectation, CBS patients compared to controls showed increased interconnectedness in frontal brain regions, namely in the medial superior frontal gyrus, anterior cingulate cortex, middle frontal gyri, and in the bilateral caudate nuclei (Fig. 2, Table 2 ). The leave-one-pair-out approach confirmed the results in all comparisons (19/19) ( Fig. e-3) . Additionally, re-analysis with the TFCE approach revealed ECM changes in CBS patients compared to controls very similar to those observed with cluster-based thresholding (see for details supplementary Figure e-4 ).
Group comparisons of ECM maps based on negative BOLD correlations showed decreased ECM in CBS compared to controls in the bilateral sensorimotor cortex and increases in the middle cingulate gyrus (supplementary Figure e-6) .
Seed-based connectivity: For the seeds from the CBS<Controls ECM analysis, the CBS group showed markedly reduced functional connectivity from all the three seeds. In particular, the connectivity reduction involved the right insular and temporal cortex surrounding the seeds, their contralateral homologues, as well as cuneus, precuneus, middle cingulate cortex, and bilateral superior parietal cortex (Fig. 1) .
Four of the six seeds from the CBS>Controls ECM comparison showed significant increases in connectivity in the seed-based analysis. The two other seeds showed similar results that did not survive the FWE correction for multiple comparisons. Altogether, CBS patients compared to controls showed increased connectivity within a fronto-caudate network involving extensively the medial frontal and anterior cingulate cortex and the bilateral caudate nuclei, as shown with one-sample t-test on the SPM beta-images (Fig. 2) .
VBM analysis:
The analysis of T1-MRI data revealed pervasive lower gray matter volume in CBS patients as compared to controls, in particular in the bilateral insulae, putamen, thalamus, in the entire cingulate cortex and widespread in cortical regions (Fig. 3) . Re-analysis with the TFCE toolbox showed widespread gray matter volume loss in CBS compared to controls with a topographical distribution closely resembling the one described for the cluster-based method.
Influence of local gray matter volume on connectivity differences
The comparison of ECM maps between patients and controls, controlling for local differences in gray matter volume, revealed a pattern of alterations highly comparable to the results observed in the original analysis for the CBS>Controls comparison. As for the decrease in EC in CBS<Controls, we observed a trend towards significance (p=0.076) in the same cluster described in the original analysis that did not survive correction for multiple comparisons. A graphical representation is presented in supplementary Figure e-5.
Correlation analysis
As illustrated in Figure 3 , MMSE and FTLD-CDR showed, respectively, positive and negative correlations in whole-brain VBM data, indicating lower test performance with more severe structural impairment. For MMSE, the correlation was localized in the bilateral exterior cerebellum, temporal poles, middle/superior temporal gyri, and supramarginal gyri. For FTLD-CDR the correlation analysis yielded a large cluster ranging from the right temporal pole to the middle/superior temporal and supramarginal gyri. Of note, results for MMSE and FTLD-CDR were overlapping in two clusters, located in the right temporal pole and in the superior temporal/supramarginal gyri (Fig. 3) . No whole-brain correlation between clinical measures and ECM maps survived correction for multiple comparisons.
In addition, EC values in clusters from the ECM CBS>controls group comparisons positively correlated with FTLD-CDR, but not with MMSE. Note here that the FTLD-CDR is generally more sensitive for non-Alzheimer's neurodegenerative diseases, whereas the MMSE was developed for Alzheimer's dementia. Namely, a significant positive correlation was identified in the left caudate nucleus (rho=.641, p=.027 -FDR corrected -at MNI -18,20,14, which indicates higher caudate interconnectedness associated with a more severe clinical presentation. Moreover, FTLD-CDR scores negatively correlated with EC values in the cluster from the ECM CBS<Controls group comparison (rho= -.634, p=0.027 -FDR corrected -at MNI 54,5,-1), suggesting a more severe clinical presentation with lower right temporal/insular interconnectedness ( Fig. 4 ).
Support vector machine classification
SVM analysis achieved good classification for both VBM and ECM models (Fig. 5 Finally, the presented VBM model showed moderate generalizability to independent data, correctly classifying 67% of new CBS whole-brain images. Notably, when using metaanalytically derived disease-specific ROIs, generalizability was higher, with 79% of new CBS patients correctly identified. Results of the external validation are shown in Figure 6 .
Discussion
In the present study, we provide new insights into brain functional and structural changes that characterize CBS. In sum, we show that CBS is associated with functional connectivity alterations, including both decreases in right temporo-parietal and insular regions and, remarkably, increases in a frontal network encompassing medial frontal and anterior cingulate cortex, and the bilateral caudate nuclei. Moreover, we identified brain structural abnormalities in the insula, putamen, thalamus and widespread cortical regions. Both T1-MRI and rs-fMRI independently yielded a good discrimination power to distinguish CBS patients from controls, and slightly more when combined in a single model (over 80% balanced accuracy). However, differences between the three models were not statistically significant, hence undermining the additional benefit of including rs-fMRI data for diagnostic purposes. T1-MRI data alone generalized moderately well to independent data from an external cohort. Of note, guiding feature selection with meta-analytically defined disease-specific ROIs improved generalizability.
This finding is in agreement with other studies investigating several other neurodegenerative diseases and showing that ROIs defined in independent cohorts by systematic and quantitative meta-analyses can improve classification accuracy for diagnosis and differential diagnosis in imaging data Dukart et al., 2011; Meyer et al., 2017; Mueller et al., 2017) .
Concerning rs-fMRI, our multicentric study included the largest patient cohort so far. Moreover, the application of data-driven ECM analysis gives an unbiased perspective on brain functional interconnectedness.
We analyzed whole-brain ECM changes in CBS to avoid any a priori assumptions. ECM analysis revealed decreased interconnectedness in right temporo-parietal and posterior insular cortex, as well as increases in frontal cortex and caudate nuclei in CBS. Seed-based analysis showed that decreases in ECM in CBS compared to controls were related to diffuse functional connectivity decline with temporo-parietal associative cortices, middle cingulate cortex and precuneus. In addition, ECM increases were associated with functional connectivity increases in a fronto-caudate network. Consistent with our results, Bharti et al. (2017) found both decreases and increases in resting-state functional connectivity in CBS compared to controls, using independent component analysis. Specifically, the CBS group showed increased within-network connectivity in regions of the default mode network, in the cerebellum, in the sensorimotor, executive control and insula networks. Between-network connectivity was lower in CBS compared to controls between the lateral visual and auditory networks and higher between salience and executive control networks. A similar investigation from the same research group applied seed-based analysis to rs-fMRI data from CBS and found, in comparison to controls, decreases and increases in functional connectivity, respectively when placing the seeds in the thalamus or in the dentate nucleus.
Increases in functional connectivity are a common finding not only in CBS, but also in other neurodegenerative and neuropsychiatric disorders (Greicius, 2008) . The correlation analysis revealed an association between more severe disease presentation (i.e. higher FTLD-CDR scores) and lower eigenvector centrality in the right temporal cortex, as well as increased interconnectedness in left caudate nucleus. This finding suggests a progressive connectivity alteration in CBS and, potentially, a compensatory meaning of the connectivity increases. This assumption might be further supported by the fact that increased connectivity in CBS correlated with FTLD-CDR scores in contrast to atrophy. Decreases in CBS' brain connectivity instead coincided regionally with atrophy regarding correlation with the FTLD-CDR as measure of disease severity. However, additional explanations are that increases in connectivity might be a sign of pathological changes within these networks or the consequence of distant pathological alterations (so called diaschisis effect). Our findings are in agreement with other studies in Alzheimer's disease and behavioral variant frontotemporal dementia, where pathological alterations in one network (e.g. the default mode) might lead to aberrant reorganization of anticorrelated networks (e.g. the anterior salience network) (Zhou et al., 2010) . Hillary et al. (2015) , based on the revision of 126 functional connectivity studies, proposed that hyperconnectivity is an essential and frequent response to neurological diseases. Specifically, they propose that increased connectivity has most likely a multifactorial origin, including the role of the impaired brain regions in large-scale networks and the accessibility of local and global connections (Hillary et al., 2015) .
As for T1-MRI data, our results are consistent with previous studies showing severe and widespread cortical atrophy in CBS , as recently quantitatively summarized in a meta-analysis (Albrecht et al., 2017) . Importantly, structural brain changes significantly correlated with both MMSE and FTLD-CDR measures. As expected, more severe gray matter volume reduction, i.e. atrophy, was associated with worse disease severity. Results for the two measures overlapped in two clusters located in the right temporal gyrus and in the superior temporal/supramarginal gyri, indicating these brain regions as hotspots of the disease, although one has to take into account the heterogeneity of both MMSE and FTLD-CDR measures (assessing cognitive, behavioral and functional symptoms).
The interrelationship between structural and functional brain changes is a general question, when exploring functional networks in neurodegeneration and here we addressed it using Biological Parametric Mapping (Casanova et al., 2007) . Of note, our results show that local atrophy, although severe and widespread, does not have a significant impact on the described eigenvector centrality alterations in CBS.
By implementing a SVM approach to our data, we were able to show the potential of brain structural and functional alterations in distinguishing CBS patients from controls at the singlesubject level. Both models alone performed moderately well, while their combination led to a slight but statistically non-significant improvement in discrimination power. Moreover, despite resting-state networks are consistent across subjects (Damoiseaux et al., 2006) and are known to be altered in several diseases (Greicius, 2008) , a recent meta-analysis showed a modest test-retest reliability of functional connectivity measures (Noble et al., 2019) . Therefore, also considering the technical limitations in smaller clinical settings, we suggest that T1-MRI might be a better candidate for future clinical applications. Along this line, previous studies applied SVM for the automatic classification of neurodegenerative diseases using MRI structural data from different centers and MRI devices showing reasonably robust performances (Klöppel et al., 2008; Koikkalainen et al., 2016) . Further supporting this view, we report a fair generalizability of SVM results on a completely independent dataset of CBS patients, especially when feature selection was a priori informed by ROIs defined from meta-analyses of previous VBM studies in CBS (Albrecht et al., 2017) . However, the usefulness of structural changes alone as specific CBS imaging markers might be hampered by the fact that partially similar structural alterations have been found in other neurodegenerative diseases, such as behavioral variant frontotemporal dementia and Alzheimer's disease (Albrecht et al., 2017) .
Combining T1-MRI data with meta-analytically derived disease-specific neural networks might generally improve diagnosis and differential diagnosis as previously shown also for other several neurodegenerative diseases beside CBS Dukart et al., 2011; Meyer et al., 2017; Mueller et al., 2017) . We believe that combining T1-MRI data with additional biomarkers (e.g. from cerebrospinal fluid) and clinical information would improve the differential diagnosis.
Moreover, we propose that the training of similar machine learning models in larger CBS patient cohorts would lead to better classification accuracy and might eventually lead to the inclusion of new supportive imaging markers in the CBS diagnostic criteria, as it has already happened for other neurodegenerative diseases (Dubois et al., 2010; Gorno-Tempini et al., 2011) .
Limitations
With this study we aimed at identifying diagnostic imaging biomarkers for clinically defined CBS. Consequently, we did not distinguish between different underlying neuropathological profiles of CBS, although known to potentially influence atrophy patterns (Whitwell et al., 2010) and clinical presentation (Lee et al., 2011) . Here we reported CSF data for 14 out of 19 CBS patients, showing that only in one case values compatible with Alzheimer' disease were found.
However, at the moment being, no specific CSF biomarkers have been included in the diagnostic criteria for CBS (Armstrong et al., 2013) , thus limiting the usefulness of this information.
Additional studies with larger patient cohorts and autopsy-proven cases will be crucial to further disentangle this aspect. As abovementioned, differential diagnosis based on MRI biomarkers is another topic in need for further investigation. This still represents a tough challenge in the clinical work-up, for example when differentiating CBS from other parkinsonian or FTLD syndromes, especially in early disease stages. The addition of disease control groups will be needed to test specificity of our finding for CBS. Finally, in this study we implemented ECM as measure of brain functional network organization at rest. However, different methodological approaches might provide further insight into functional network changes in CBS and potentially lead to a different performance as diagnostic marker.
Conclusion
In conclusion, we described brain structural and novel data-driven functional connectivity abnormalities associated with CBS. In addition to the previously described structural brain changes, we contribute evidence for intriguing characteristic functional connectivity alterations in CBS. We further compared measures of connectivity and atrophy as potential supportive MRIbased imaging markers for differentiating CBS patients and controls . Overall, our results suggest that structural MRI is a promising candidate imaging marker for CBS and does not benefit from inclusion of additional rs-fMRI information. Results are shown at p<0.05 FWE corrected at cluster level, except the light blue clusters that did not survive the correction for multiple comparisons. Axial images are displayed in radiological convention: left brain on the right of image. 
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